e -
My
.xlm
o,
9
r‘_‘L_l{ ﬂilo
g
2
+ >

e-mail : {leesh09, hyungil.kim, clover200, ymro}@Kkaist.ac.kr

Action Unit Based Facial Features for Subject-independent Facial
Expression Recognition

Seung Ho Lee, Hyung-1l Kim, Sung Yeong Park, Yong Man Ro
Dept. of Electrical Engineering (EE), Korea Advanced Institute of Science and Technology (KAIST)

=) of
AAARQD F74R12 F&olAE HAE Al SHstE &l Edold ol EASHA ¥
A971 widste]l A Ashrl HAASTE B =R s & =94 ¢l (subject-independent) # A<l
218 9% dEEAS Aeteth AP A FFHA IdF T8 22 Y (Action Unit(AU))el
71ukgk 7]kt e %A 5HORE ARESth mekA =9 - olol dlE El(identity) o] < T
i 247 HeE ARe Ak QEd 59 2404 AP AT, 86% w2 x4
253 H2AE Bt e AP T 35ms(Matlab 715)9] wi$- wE EREEE GASIITH

1) Ao aldo] E4 ®A (o : Surprise)S
_o_

A

Q2] o]

W oFEHoE vehbs 92 28§49

o _%23—8—;}%"9] Z}xé(emot_loi)%—%i%é = ?3 (Action Unit(AU))e! 7] Hhﬂ 7] o}ﬂ EE J%_Xé
WA 2 A o] AF o Q1A= AU 7]Eol =
oo O ° o ° o Tew FJ(identity)gl o gho- 7.&&543 ?Jéﬂr %faL 4
F%’E— ]/\1 %—_Q_E,]_’ﬂ_ 9)]\1:]' = 701_15101 jxg H_'E__xr }\] Hﬂaﬂeﬂvo__ o

A == = == =] 1 o - U L = 3
A FEolth Aol Add dene wAaq ww 2 o200 ST S S
e gFe] gel 5 To dxAtexwe) PR 0T T L0 e e Gamio o e
= . AL O = -1 1= o o L -1 T

pattern(LBP)[1]2} local phase quantization(LPQ)[2]7} <1

=
£3e

2 AR 1’414?&4.2:% local binary

o Hge Adzd A" d=9  tojyd A o124 }\]i\.‘%ﬂoﬂ ] 8-o] Lo]st}.

(dynamic)

TOP(three orthogonal planes)[3]2} LPQ-TOP[4]7} A<t

4ug Qe g3t Slsl LBp-

™
o
@ 9] Wil YE Fo £ dloleE

A2 8 Ageler st ulew gl Ael A

gLl T tﬂ O] o] 2~Ql  Cohn-Kanade

‘ i lus(CK+)E ©o]-&3ato QlEol EE‘XMJ 012 27 ol A

QAL 715 LBP U LPQ o Ml 2 EARIA A E\l—aﬂ(g 2*336]— oﬁj’f]— xﬂo}u}- o Eﬁﬁﬂo]_liﬂliz]
Lo palt) o] WO op 7|ule] BlAx] 2Z o) S uE T O = e A A A

iy ' e h " ¢l LBP-TOP ¢} LPQ-TOP M.t} & %49l2] =3
(LBP E+= LPQ)= Al 7He] #Hush= HH(XY: &3t Jeppey
2 @, XT 9 YT Az gd)e] Hgste] 9o &5 ° 07 _
HEo o ol A o ] l]} o OEL on A o= e vhed Zuh 2 A e &}
§5& 14 (concatenate)ste] A3t dESHOE A AU 78k o= Ex 22 w0 gAola ury 3
setpls. 2ed sl e b wwE o e SR A e
[1]-[4]< H2E Al $3d= =0l Edeld dlolH By O; S oouub Cooneh e
Oﬂ Jﬂxﬁs}ﬂ OL‘E _o,_ OE—]:‘éloﬂ :1"_61:,}?]_ ?11:9] O}O]Eﬂ ] 4 001]1 2= quﬂ
ﬂ\?(liezﬁltz)f} ;7“:]: el o8 AsASE A 5 gyorste ZER =& 9l FHOIA i
S} T

2 =idAe B =wdAE dEd 5949 2.1. AIgF3lE Action Unit 7|8k 9FEA F&
(subject-independent) EHAAS fgt M2 =5 i
e AL Ak S v 2ol 2 Aol A= Foldl (Edold 2 HAE §) v
7}A) 2 @okglt}, te  AlfzeA AlRBslE AU 7] =



20154 At

2hE 3

=28 HI223 HM|15(2015, 4)

@) ()
(a8 1) A&l 4F dora(dez FA)S 9=
n3 7t FolE Ag(Hez EA]) (a)F Y (neutral)
dF, (b)¥]A(peak) AL F

2 FEUREs Adgdt ARPMHE JdEd SHA
A EAJAES f38 XS FAT HY L Al 2o
A A A 7] (intensity) 7} 7HE 2 3] (peak) AL
i} %01 gk 9o F¥H(neutrahLdF 7+ xfol

ol g},

A 817]

EE Aehy e

R

PR L)

Aol Me=vka

(landmark) A& AFESTh 2 =RdAas d= @
cuta HES A8 [6]19 WHEES ARESsith o W
HE FTH = 93 F4ITd HEshe] L& 49
7H94 d= Wevta HEZH AdE 29" 1)< (b)el
ZbZF e ITh thgo® A4S AS u HAE s
d=Fe o WIS AHH %3 sl 29 &

= Abolol A wHAsk= 29
ol A A=viA 2 A Wakg ol4d JBE

= Zol AMwsith, WA wte
A=) v FAEA=AA | HAS j A A= W
(dist?$™) & 54 )3 2ol 4l

Gt
2 2
o JOo =X+ (i - y)) o
\/(XeyeL eyeR) +(yeyeL yeyeR)

714 x ¢ y, = 2z i A AF Aeniae] 523,
Z':;g' Zé}-%:o]ljr' :L'j/]‘ﬂ XeyeL' XeyeR' yeyeL’ yeyeR%
727t QEs} o B% o 43 AE, A% 28K
E€l$ﬂ~44ﬂﬂ F% wo] HAEE E RIS E
e 6 /0o 3ol FwS FAstel AT F4 (1)l
A EREE ghdetel A=k Agld] mE dF &
Adel Wsts i*&oﬁ 71 9l A E A

@ ol Aela

f, ;= dist!s™ —dist"*""™, @)

3714 dist!"™ = FH A2 i WA | WA dF

Asrka 7 Adeln, w= BgAZR FAA S

2 (D)= Olﬁo}oi 74] bk o Q.

P (2)0% & 29 el I WA=mA 3k A
Wk g f & (oncatenate)o}oﬂ 29 =de] Aok
= AU 7] 9254 feR®TE den

22, AddstE IEFEAE o837 sparse
representation ¥/ 7]4t 7501/\1

¥ oAdAE AT 97 E494S EEE HHQ
Hel S ke &

3T [e )¢} H o
representation(SR) - (classification)'d H[7]3} 2.1 Hol
A Ae o R de dE5AS ol &3 A<

2 RS At WA HEE ‘ﬂ]ﬂﬁl Al 220l A
ozl dFEAS ftest

n A 19 S (n=
Efeld HlHL

1%*011*1 0401 4l %%—5@%

ftrain ngxl ]\—‘L}‘ﬂ JJ_7]?5]":]r SR _}?_%% %_B_H ftest oﬂ
e £9A4e FaAs) S8 DAUmE Ao e
oh. gAY s 4 (3)3 2ol Aol

S e S50 A 0, A O

W = argmin||w||l, st. ‘

flest Aw”2 <e, )

o714 g2 o H(error term)o]tl. B =AM E
2] (4)9] sparse 3li(solution) WEI[7] WS F3}7] <
3l regularized orthogonal matching pursuit(ROMP)[8] S A}-&
sk

mxjeto 2 T4 ZeA g nte ()9], 7+
o] 4 sparse Z5=(coefficient)<] EL7]7} 7}’5} g%
A ZYAE oo H AAET
N1 Ma
n* _argmax— Wy s 5)
I\/In m=1

o171 w, = sparse 3 HE]WolA n WA XA F
gze] m WA Erold MY AlFzolAM FEH

AE5H S e

B 7}st7] 93] Cohn-Kanade plus
@maﬂﬂﬂﬂﬂéwﬁé&%ﬂ%ﬂ:%%7vw1%
4 % sty gEs ® 325 e vy AEs
(Anger 45 71, Contempt 18 7}, Disgust 58 7}, Fear 25 7},
Happy 69 71|, Sadness 28 7l, Surprise 82 7})& A &5} At}
Zkzke] Hitl e Al s A 5 AolA Hd 67 719

- 882 -



2015 ZAEHEL TIN5 =2F H|223 H[135(2015. 4)
= AU 7|V SAS FETH o] miEe] =l =
YA ¢ EAARE Q46 ALgste] 4% By
S 9+ Ak AP Aol hF £ )
E 2] 2~ (confusion matrix)& 3% 2 o] YEFYATE.
4. HE
2 =woAe A& 5§ A <l (subject-independent)
EHAHS A8 AZEYL Adshgeh Ay
HAEo S&es e A glol 43 e
AES FE3H7] 938 Action Unit(AU)oﬂ 7|9kt 7] 8}
. ) _ st ExS Aot} o0& = o] TA Al
(2% 2) 671A] 718 #ZA(basic emotion)oll ik vy o 0T ,f’_/]_ . el i? o) A Ojrl
o }‘]%]_}\9’] J’ﬂi(peak) 3:7&0.1% °1]Xﬂ }‘1 A= T}j‘l’ ﬁe-'/]“ 60/4 _;*JL_Xé 1_]}—\1?'5 =
i o — ar - - -
= el on E4e) A%;dﬂvﬂlAﬂ atlab 27
o o
<& 1> Sparse representation 35§ = A9 204 APape A Eﬂi/:E‘ ML, A2 St 3.5ms o) el
43} 4859 5 o} SUE) 45 va ¥ $EE Byt
EARUA B HEA U E (%)
ZHAtel 2
LBP-TOP [3] + SRC 78.4 =
LPQ-TOP [4] + SRC 82.1 o] mHE-S 2014 W% AE(wSE)e Adow &
AMEH + SR 86.0 FATA e AQe wob FAE 2ATAIY
(No. 2011-0011383).
<E 2> Ao A3 EE 3 H(confusion matrix)
‘Actual’®} ‘Predicted’= 2}2} A4 &AW} SR 375 Apos
53 297 2Pl 3 v -

il | pnger | Contempt | Disgust | Fear | Happy | Sad | Surprise [1] T. Ahonen, A. Hadid, and M. “Face Description with Local
- — Binary Pattern: Application to Face Recognition,” IEEE Trans.
fnger | 60.0 Rl R e R 0-0 Pattern Anal. Mach. Intell., vol. 28, no. 12, pp. 2037-2041, 2006.

Contempt | 13.3 72.2 L7 4.0 141 7.1 0.0 [2] C. H. Chan, J. Kittler, N. Poh, T. Ahonen, and M. “(Multiscale)
Disgust 11.1 0.0 91.4 | 0.0 0.0 7.1 0.0 Local Phase Quantization Histogram Discriminant Analysis

Fear 2.2 5.6 0.0 | 72.0 0.0 | 14.3 0.0 with Score Normalisation for Robust Face Recognition,” IEEE

Happy 2.2 11.1 1.7 | 16.0 | 98.6 | 3.6 0.0 Int’l Conf. on Computer Vision Workshop, 2009.

Sad 11 5.6 171 40 0.0 | 60.7 00 [3 S'Zhaﬁ anld Q/I Pietliakégnen, “]?t}rf]narnicATe)I(_turs Ref[:oglrzlitif)r:
N sing Local Binary Patterns with an Application to Facia
surprise 0.0 0.0 0.0 4.9 0.0 0.0 100.0 Expressions,” IEEE Trans. Pattern Anal. Mach. Intell., vol. 29,

) no. 6, 2007.
ryds xstely A Y dolA FH(neutral) .= [4] B. Jiang, M. Valstar, B. Martinez, and M. Pantic, “A Dynamic
AZsle] Az A" A7) 7 A A A wpxEr 2y Appearance Descriptor Approach to Facial Actions Temporal

ol M A(peak) EAL BT B mRolAe
Agkshs WHolA 7t vele Adsel A eg)

3} wpx e )
gttt 29 2
© AAx9) 92
Aes wAP

TH ZHdY 93 Zyfoew
= 6 7HA 71 gl digh Bl
xdd=3 29 Aol Wewlm 3+
o & HolErh & SHAQ %4
14 B 58S S8 [10]011*% xﬂA]q} HF ) Wx}
3HAl  leave-one-subject-out(LOSO) =2 =W dlo
(cross validation) ®™2][10]S A=A e
A %A 212 & (recognition rate) S A&} )

Agrat= AN 549 a8AS A5 Al
FAAJAAA dEAQ] A d=574<Q] LBP-
TOP[3]2} LPQ-TOP[4]7} H]m B oz Alg% ALt
5743k Hlas flel LBP- TO P 9} LPQ-TOP 9] E#H+=
Aty FdsA SR EFEHE Akl
SR &7 ZH4Y %ELOM ﬂ?}‘%}a 7HA]
=3 FAIAHE HaE % 1
e v HlE) oF 4~6%
Btk Alezhe]

EE P

LPQ-TOP ol H|a} A H-

_4

o

P

f

Modeling,” IEEE Trans. Syst., Man, Cybern, B, vol. 44, no. 2,
pp. 161-174, 2014,

[5] Y. L. Tian, T. Kanade, and J. F. Cohn, “Facial Expression
Analysis,” Handbook of Face Recognition, S. Z. Li, and A. K.
Jain, eds., pp. 247-276, Springer, 2011.

[6] A. Asthana, S. Zafeiriou, S. Cheng, and M. Pantic, “Incremental
Face Alignment in the Wild,” IEEE Int’l Conf. on Computer
Vision and Pattern Recognition, 2014.

[7] J. Wright, A. Yang, A. Ganesh, S. Sastry, and Y. Ma, “Robust
Face Recognition via Sparse Representation,” IEEE Trans.
Pattern Anal. Mach. Intell., vol. 30, no. 2, pp. 210-227, 2009.

[8] D. Needell, and R. Vershynin, “Uniform Uncertainty Principle
and Signal Recovery via Regularized Orthogonal Matching
Pursuit,” Foundations of Computational Mathmatics, vol. 9, no.
3, 2009.

[9] P. Lucey, J. F. Cohn, T. Kanade, J. Saragih, and Z. Ambadar,
“The Extended Cohn-Kanade Dataset (CK+): A Complete
Dataset for Action Unit and Emotion-Specified Expression,”
IEEE Int’l Conf. on Computer Vision and Pattern Recognition
(CVPR), 2010.

[10] S. H. Lee, K. N. Plataniotis, and Y. M. Ro, “Intra-Class
Variation Reduction Using Training Expression Images for
Sparse Representation Based Facial Expression Recognition,”
IEEE Trans. Affective Computing, vol. 5, no. 3, pp. 340-351,
2014.

- 883 -





